Introduction
The need to define the controls and constraints on planktonic respiration (PR) and estimate to what extent those controls are applicable to the majority of lakes is a major research challenge in aquatic ecosystem ecology today. It is becoming increasingly evident that inland waters are a highly reactive component in the global carbon cycle. While large lakes integrate inputs from larger landscapes, lake area distribution is skewed toward smaller lakes where carbon cycling is more intensive (Winslow et al. 2014) . These small systems have a cumulative global lake surface area much larger than originally estimated (Downing et al. 2006 , McDonald et al. 2012 , Winslow et al. 2014 ). This finding, in combination with the more recent recognition of the contribution of lotic ecosystems to atmospheric carbon dioxide (Battin et al. 2008 , Raymond et al. 2013 , has led to the call for a better integration of inland waters into the global carbon budget (Cole et al. 2007 , Battin et al. 2009 ).
Whereas benthic respiration is an important pathway of carbon mineralization (Gudasz et al. 2010) , water column respiration is on average 7-fold greater than the rate of benthic respiration (Pace and Prairie 2005) and therefore is the major pathway for organic carbon mineralization in lentic ecosystems.
To be broadly applicable, controls and constraints on PR must have similar relationships across a broad range of lakes that vary in trophic state and size. A previous synthesis of published freshwater PR values (n = 67) found that chlorophyll a (Chl-a) was the best predictor of PR in lakes, with temperature and dissolved organic carbon (DOC) having less but still significant explanatory power (Pace and Prairie 2005) . Although Chl-a is a biological variable that responds to multiple environmental drivers, regionally DOC in lakes is controlled by landscape variables such as slope (Mann et al. 2012) , percent wetland area (Qualls and Richardson 2003) , precipitation (Mattsson et al. 2008) , and more generally total watershed area (WA) and lake area (LA) . Similarly, temperature is primarily influenced by LA and depth, which for glacial lakes tend to be proportional (Kalff 2001) .
Decades of work have led to the general understanding that processes and characteristics of upland ecosystems (i.e., the watershed) have important implications for freshwater ecosystems that lay lower in the landscape , Kratz et al. 1997 . One example of watershed influences on freshwater ecosystems is inputs of dissolved organic matter (DOM) and mineral nutrients such as nitrogen (N) and phosphorus (P), which fuel heterotrophic lake metabolism. Specifically, bacterial respiration (BR), an important component of PR, is influenced by terrestrial inputs of DOM (Karlsson et al. 2004) . In addition, it is well established that allochthonously derived inorganic and organic N and P also support planktonic metabolism (Cole et al. 2007 ). Because both organic and inorganic terrestrial subsidies are important to lake heterotrophy and are driven by landscape characteristics (Hanson et al. 2003, McCallistar and del Giorgio 2012) , WA and LA have been suggested as potential metrics that may scale with drivers of aquatic metabolism (Canham et al. 2004 ). All else being equal, the larger the WA, the greater the mass load of allochthonous subsidies; however, the effect of these subsidies has been noted to decrease with increasing LA as the inputs become a smaller proportion of the volume of the lakes (Biddanda et al. 2001) . To date, a synthesis of how such allochthonous and autochthonous mechanisms affect PR has been elusive. Scaling laws developed for both physical and biological relationships have a successful history that allows predictions of entities across broad scales where continuous measurements are not always possible. Here we derive scaling laws from first principles to see if they can provide insight into how landscape characteristics relate to the water characteristics likely to drive lake metabolism.
In physical systems, processes can be related to one another by scaling relationships of the form
(
In many cases, geometric or physical constraints are used to predict the scaling constant (McMahon 1973 , West et al. 1997 , which determines the nature of the nonlinearity between Y and X (Fig. 1) . In biological systems there are many examples of scaling relationships, including Kiebler's allometry, which relates animal metabolic rate to body size; Fenchel allometry, which relates reproductive rate to body size; and Damuth allometry, which relates density of mammals and birds to body size (reviewed in Ginzburg and Colyvan 2004) . Ecosystem-level scaling relationships depend, however, on a complex combination of biological, chemical, and physical constraints, potentially making their scaling constants harder to predict from first principles.
To understand general relationships between PR and its drivers, we derived the scaling relationships between landscape-level features and PR from first principles. We hypothesized that the effect of landscape processes on respiration were mediated through within-lake physical and chemical processes (Fig. 2a) . Because many of the putative drivers of respiration are ultimately derived from the watershed (i.e., allochthnous inputs), we used the hypothesized scaling relationships between landscape variables and drivers of respiration to inform the expected sign and magnitude of the relationships among within-lake parameters and PR (Fig. 2b) . 
Scaling landscape parameters with chemical and physical drivers
If we assume that the majority of chemical nutrients (DOC and SRP) enter the system from the outer boundary (i.e., the watershed) the inputs (I) should scale with the square of the single dimensional measure of watershed size such as diameter (i.e., I ∝ L 2 ) for a given geographical region. For a given rate of input, the concentration C should scale as C ∝ ,where L 3 is lake volume. Substituting for I gives C ∝ or, equivalently, C ∝ . Because, as shown above, LA scales with the square of watershed diameter, LA ∝ L 2 , we can solve for the scaling between concentration and LA or WA area by substitution. For example, rewriting the lake area relationship in terms of L, instead L 2 gives L ∝ √LA. Substituting this relationship into the one for concentration gives C ∝ or C ∝ LA − ½ . Thus, if our assumptions about the geometry of inputs hold, we predict that scaling constants among DOC and SRP with LA should be negative and have an absolute value <1. Similarly, temperature should scale with LA (temperature ∝ LA) because larger lakes are on average deeper and colder. For large shallow lakes this may not be the case; however, lakes of glacial origin that dominated the current study (and the majority of temperate lakes) tend to have a proportional relationship between LA and depth. Many other factors, such as latitude, also affect lake temperature, but as long as those factors do not also affect LA, they will not affect the scaling relationship, only the residual error. Thus, we predicted temperature to scale negatively with LA as temperature ∝ LA Author's personal copy EK Hall et al. 
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Scaling physical and chemical drivers with biological variables
In biological systems, constraints due to the geometry of body size and resource uptake suggest that population density and respiration should scale with nutrients with coefficients >0 but <1 (Enquist et al. 1998) . Therefore, the temperature dependence of biochemical reactions on temperature (sometimes expressed as Q10, the log of the magnitude of change in a rate per 10 °C change in temperature), respiration, and Chl-a (assuming that Chl-a is a reasonable proxy for algal biomass) should scale positively with temperature with a coefficient >1. Although Q10 may be a poor index of temperature dependence of mixed microbial communities (Hall and Cotner 2007) and clearly varies across a range of temperatures (Montagnes et al. 2003) , it is still reasonable to use Q10 as a proportional constraint for the relationship between temperature, algal biomass, and PR.
We tested each of these hypothesized scaling relationships using direct measurements of PR from a series of temperate lakes (Supplementary Table S1 ), including Lake Superior, to assess if these theoretically derived scaling relationship were consistent with those derived empirically.
Materials and methods
Ecosystem characteristics
We analyzed 60 measurements of PR from 44 bodies of water with a broad range of trophic states, temperatures, and sizes (Table 1) . This range and diversity of ecosystems provided a unique opportunity to test general, broadly applicable patterns with the goal of adding insight into the relationships between landscape basins and ecosystems processes.
Field sampling and chemical analyses
Water was collected from the sampling site and placed directly into 300 mL glass bottles with ground-glass tops. For all measurements, PR was determined as the decrease in dissolved oxygen concentration over time, with oxygen content measured in triplicate BOD bottles using Winkler titrations (Wetzel and Likens 2000) . All incubations were conducted either in water baths or temperature controlled incubators. Water temperature of the bath or air temperature of the incubator was checked at the beginning and end of the experiment and stayed within ±2 °C over the course of the incubation. Incubations were carried out for ~12 h; for ultra-oligotrohpic lakes (e.g., Lake Superior) the incubation was extended to 96 h to ensure a clear difference in dissolved oxygen could be detected.
Over the course of 2 ice-free seasons we sampled ~43 lakes in the Upper Midwestern United States between June and August, as described elsewhere (Hall et al. 2009 ). During the stratified period, we obtained water samples from the mixed layer at the deepest point in the lake (or the approximate center if the bathymetry was unknown) and from the upper third of the water column when the lake was unstratified (Hall et al. 2009 ). We also sampled the western arm of Lake Superior at 5 pelagic sties during 3 cruises (R/V Blue Heron, University of Minnesota; Aug, Sep, and Oct 2006) just below the surface (~1 m) using a Rosette sampler totaling 15 observations. We filtered all dissolved nutrient samples through a 47 mm glass fiber (GF/F) filter (0.7 µm nominal cut-off) at low pressure (<100 mm Hg); samples were frozen until analyses. We analyzed filtered water samples colorimetrically for SRP without digestion (APHA 1992 ) and DOC using a Shimadzu TOC 5000. Water samples were also filtered onto GF/F filters for collection of algal biomass and subsequent analysis of Chl-a. All filters were kept frozen in the dark until analysis. Pigments were extracted in 90% acetone, determined fluorometrically, and calibrated with a Chl-a standard (extracted from spinach) in a Turner Designs 10-AU Fluorometer (Parsons et al. 1984 ).
Lake and watershed area
We quantified LA and WA for lakes located in Minnesota and Wisconsin, determining LA using geographic databases maintained by the state Department of Natural Resources (http://deli.dnr.state.mn.us/data_search.html and http://dnr.wi.gov/maps/gis/). In South Dakota, LA was obtained from the National Hydrography Dataset (http:// nhd.usgs.gov/). WA was calculated using the GIS Weasel (Viger and Leavesley 2007) , a GIS tool that delineates watershed areas using digital elevation models for the areas of interest. In all cases, WA does not include the LA within the watershed.
Statistical analyses
We then used structural equation modeling (SEM) to investigate the interactions and causal pathways that influence PR in our dataset (e.g., Grace 2006) . Although methods exist for dealing with missing values in SEM, there are often important assumptions about whether or not these observations are missing at random (Allison 2003) . To reduce potential bias caused by missing values, we constructed a working dataset that had a complete set of estimates for WA, LA, Chl-a, temperature, DOC, SRP, Table S1 ).
For some of the statistical models for specific nodes (i.e., LA), sample size was <60 because Lake Superior was sampled on multiple dates in a number of different places, whereas all other lakes in the dataset were only sampled once. For all within-lake and biological variables, there was temporal variation among the samples but no variation among the landscape-level parameters (i.e., LA and WA). Therefore, for fits in which landscape-level parameters were treated as responses, Lake Superior is treated as a single measurement, reducing sample size from 60 to 44.
Our strategy for fitting the a priori causal network hypothesis (Fig. 2b) follows the local-estimation procedure described for SEM (Grace et al. 2012 ). All variables were log10 transformed to linearize the hypothesized scaling relationships. As a result, the parameter estimates of the slopes of the linear relationships are estimates of the scaling power. Each variable in the network was fit as a function to those variables with the arrows that point toward it (Fig. 2b) . After the linear models were fit for each variable, we tested the structure of the causal network by conducting residual analysis (Grace et al. 2012) . A causal network model makes a number of predictions that can be used to test the structure of the model. If the observed data were generated by the model being tested, then there should be no relationship between the residuals of any pair of variables not directly connected by an arrow. Such variables are referred to as D-separated (Shipley 2000) and are testable implications of causal network models (Pearl 2000) . Testing the set of D-separation statements of a causal graph allows both the quantification of the statistical support for the causal hypotheses as a whole (via the Fisher's combined test, with test statistic C, in a procedure called the D-sep test; sensu Shipley 2000) and the identification of missing relationships in our initial causal model. The p-value of the D-sep test can be usefully interpreted as the probability that the data were generated by the given causal network. We then evaluated the results of the residual analysis, and if necessary, modified the causal network to account for any residual relationships and refit the model. We eliminated relationships (arrows) with little statistical support from the causal network and refit the reduced model to arrive at the final data-implied model.
Results
The parameters used to model the relationship covered a broad range of LA, WA, trophic state, and temperature (Table 1) . Our hypothesized initial causal model could not be rejected (C = 13.55, df =16, p = 0.632, AIC = 328.19; Fig. 2b) ; however, analysis of the residuals revealed a strong residual relationship between SRP and temperature (Fig. 3) . We therefore modified the model to include an effect of temperature on SRP. This additional relationship improved the fit of the model (C = 4.30, df = 14, p = 0.993, AIC = 323.59). We then removed all paths that did not have significant support from the data with the exception of one path, the effect of SRP on PR, which was only marginally insignificant (p = 0.06). Based on the strong prior support for the existence of the relationship between phosphorus and PR (e.g., Smith and Prairie 2004) , and because it was marginally significant in our analysis, we retained this effect within the model structure. The lack of other residual relationships among variables suggested that all significant relationships were represented in the structure of the final model. Thus, the most parsimonious model with the strongest support from the date led to the best and final model fit (C = 8.49, df = 20, p = 0.988, AIC = 321.84; Fig. 4) .
Screening for influential variables indicated that Lake Superior was an influential site only in the fit for LA as a function of WA (Appendix I), and although not statically problematic, the degree to which parameter estimates depend on potentially influential points are often of interest. In this case, we attempted to quantify the influence of Lake Superior in 2 ways: using robust regression and using standard regression with the potentially influential point removed. We found that using M-estimates of robust regression (Huber 1964) Author's personal copy EK Hall et al.
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Discussion
In general, model fits supported the scaling relationships derived from first principles with both size (>1 or <1) and direction (+ or −) of the scaling coefficient matching predictions. The effect of WA on both within lake parameters and subsequently PR was mediated through LA, suggesting that dilution played a more important role than delivery in controlling the parameters that affected PR. Specifically, we found that LA affected PR through direct effects on DOC and temperature and indirectly through SRP (Fig. 4) . Scale coefficients for the relationship between LA and chemical (DOC and SRP) and physical (temperature) parameters were found to be negative and have absolute values <1, consistent with our predictions. Biological processes scaled positively with physical and chemical parameters with magnitudes and directions that were predicted from theory and/or previous studies, as discussed earlier (i.e., temperature >1, others <1).
The single exception to the predicted scaling relationships was the relationship between SRP and Chl-a, which scaled negatively, the opposite of that predicted. At first glance, this result seems to contradict the well-established relationship between P and algal biomass (Vollenweider 1968) ; however, SRP is not always proportional to total phosphorus (TP) or even total dissolved phosphorus (TDP; see table 13-2 in Wetzel 2001), the 2 most commonly used metrics for P content of aquatic ecosystems. Although systems with high TP and TDP on average are likely to have higher SRP, SRP is not necessarily representative of P use within an ecosystem. Rather, SRP represents the phosphate anion in its most available form, which is exceptionally reactive and has been shown to turnover on rapid time scales (Cotner et al. 1997) . SRP can accumulate in lake ecosystems if P is available in excess of demand. For example, SRP may accumulate in systems of low algal biomass if algal growth is limited by other parameters (e.g., N or light) that have been shown to limit freshwater algal biomass (Sterner 2008) . It is also possible that grazing controlled algal biomass such that lakes with higher grazing pressure had a larger SRP pool due to increased recycling from either "sloppy feeding" or increased excretion by grazers (Strom et al. 1997) .
We also found significant support for a relationship between temperature and SRP (Fig. 3) . The sign and magnitude of the scaling coefficient (positive and >1) and the lack of effect of landscape-level characteristics on SRP suggested that SRP was mostly controlled by in lake processes whose reactions were temperature dependent. Although as temperature increased P demand would be expected to increase (as the inhibiting effects of temperature on growth were alleviated), this reaction is unlikely for our dataset. Although temperature limits productivity of bacterial and algal production, in temperate lakes this effect is most pronounced at lower temperatures (~<12 °C) and tends to be alleviated at higher (~>12 °C) temperatures (Felip et al. 1996 , Hall et al. 2007 ). Our dataset had temperatures that ranged from 14 to 26 °C, Lake Area~Watershed Area Temperature~Lake Area SRP~ Lake Area DOC~ Lake Area Table 2 . Final model parameter estimates for response variables that include lake area as a response or predictor variable using 3 different methods of estimation: ordinary least squares (OLS), M-estimates, and OLS minus Lake Superior (OLS-LS). beyond the range where temperature has the most pronounced effects on organismal growth. Conversely, temperature has been shown to have a pronounced effect on the mineral content of a wide range of organisms, with warmer temperatures resulting in decreased biomass P content and thus decreased organismal P demand (Wood et al. 2002 , Cotner et al. 2006 , Hall et al. 2009 ). Because lake concentrations of SRP have been shown to be inversely related to bacterioplankton biomass P:C (Hall et al. 2011) , increasing temperature may result in accumulation of SRP in the water column due to decreased planktonic P demand.
Another factor that may have potentially influenced the temperature to SRP relationship was P regeneration from the sediments (Suplee and Cotner 2002) . A subset of the lakes included in this analysis were relatively shallow, and some only stratified occasionally or may not have stratified at all during the ice-free season. In shallow systems with relatively large sediment-water interface areas, temperature has been shown to have a strong effect on P release from sediments (Jensen and Anderson 1992 , Nichols 1999 , Suplee and Cotner 2002 . This mechanism may have also contributed to the observed positive correlation between temperature and SRP. If this mechanism was in part responsible for the observed SRPtemperature relationship, the negative relationship between LA and temperature suggests that sediment P regeneration may play an increasingly important role in P supply in smaller lakes. Thus, while the relationships with SRP (both with Chl-a and temperature) were not predicted a priori, the strength and direction of the relationships found within the model are consistent with previously documented mechanisms for P cycling in freshwater ecosystems.
As noted earlier, a direct relationship between WA and any of the chemical or biological parameters was not supported by the current analysis. However, we found evidence that it did affect these parameters indirectly through its strong effect on LA, which was significantly related to both temperature and DOC (Fig. 4) , both of which directly affected PR. The relationship between WA, LA, and these parameters is consistent with our current understanding of how allochthonous subsidies influence aquatic metabolism. It has been well established that allochthonous loading of substrates most likely stimulates PR through 2 principal mechanisms. First, DOC can directly stimulate bacterial contribution to PR. On average, bacterial respiration contributes half of PR but can be as much as 90% in oligotrophic ecosystems (Biddanda et al. 2001) . Although it has been assumed that terrigenous organic matter was fairly recalcitrant, there is increasing evidence that it can be quite labile (Mann et al. 2012 , Wickland et al. 2012 ) and therefore a significant source of heterotrophy in temperate lakes.
Second, DOC inputs were likely accompanied by a broad range of terrestrial inputs including not only C, but also sources of N and P (both organic and inorganic) that fueled both algal and bacterial metabolism. Stimulation of algal biomass by allochthonous subsidies is consistent with the strong positive relationship between DOC and Chl-a present in the final model (Fig. 4) . For a single system, it has been shown that DOC loading can have a negative effect on Chl-a concentrations due to shading of photosynthesis by colored DOC (Christensen et al. 1996) . In this analysis, however, we observed only a positive relationship between DOC and Chl-a (Fig. 4) . A study of some of the lakes in our study area (north-central Minnesota) but not included in this analysis showed that were able to successfully predict the shape (i.e., sign and magnitude) of the nonlinearities between these relationships based on simple geometric arguments, suggesting that geometric relationships at least constrain these relationships over a large range of environmental characteristics and spatial scales.
In conclusion, our analysis of respiration in 44 temperate aquatic ecosystems found that aquatic respiration was best predicted by relatively few within-lake parameters. These parameters explained the great majority (66%) of variance in respiration among aquatic ecosystems ranging from shallow lakes to Lake Superior. The analyses presented here provide robust support to estimate the relationships among drivers of PR. With estimates of few environmental and landscape parameters, this relatively simple framework has the potential to estimate constraints on the contribution of PR in temperate aquatic ecosystems to the global carbon cycle over broad spatial scales. internal DOC loading made up a large portion of BR (Stets et al. 2010) . Our results also contrast with another survey examining Chl-a, DOC, and respiration in which a negative relationship between DOC and Chl-a was observed, likely driven by the highly colored nature of DOC in Canadian Shield lakes (del Giorgio and Peters 1994). Light absorption due to higher DOC levels can also drive an increase in Chl-a to biomass ratio, however, resulting in increased Chl-a measurements without an increase in planktonic biomass (Carpenter et al. 1998 ). In the current survey, the specific ultraviolet absorbance (SUVA) reported for the great majority of lakes was much lower than that for the Canadian lakes (data not shown), suggesting that shading of phytoplankton was likely much less important.
Although the complete set of relationships relating landscape-level characteristics to within lake respiration are complex, here we show predictable patterns among drivers of PR for a wide range of lake ecosystems. We Fig. 5 . Results of fitting the models that include Lake Area (LA) as a response or predictor variables to examine the effect of Lake Superior on estimated parameters using Ordinary Least Squares (solid), M-estimate (dashed), and Ordinary Least Squares with Lake Superior sites removed (dotted). Details on the different methods are discussed in Appendix 1. All variables have been log transformed with units as described in Table 1. DOI: 10.5268/IW-6.1.839 9 Author's personal copy Scaling relationships among drivers of aquatic respiration in temperate lakes
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